It should be noted however, that the reported optimal cyclic strategy in baboons by Gouteux, Vauclair, and Thinus-Blanc (1999) was, in fact, found to be non-optimal in the human data (Gaunet & Thinus-Blanc, 1996) . This suggests that while animals utilize a more sequential exploratory strategy as their optimal foraging behaviour, humans achieve better scores if they were more concerned with constructing a detailed representation of the space.
One interpretation of the discrepancy between the two sets of results could be that a compromising mechanism sets the balance between cognitive load and travelled distance costs, in a sense that humans utilize their cognitive abilities better in spatial navigation tasks (Thinus-Blanc & Gaunet, 1997) .
Despite the growing interest in recognising patterns of navigation, there is little understanding on how spatial knowledge acquisition and representation correspond to observable exploratory behaviour. Although a number of studies focusing on the representation of spatial cues, such as landmarks or environmental geometry (e.g., Cheng & Newcombe, 2005) , and on identifiable patterns during navigation (e.g., Thinus-Blanc & Gaunet, 1997) have been performed, investigations are needed to understand the relation between these two levels of spatial cognition.
Cognitive modelling of strategy representations offers a domain-independent analysis, which could be effectively utilised in any domain-specific system, such as the spatial domain (Gordon, 2004) . A spatial strategy should simultaneously reflect the structural pattern of navigational behaviour and an intentional act of a cognitive plan. These patterns should be observable and meaningful in their functions. The focus of the present study is to connect Spatial Exploration Patterns and Efficiency 6 behavioural performance with certain patterns of exploratory activity, and to provide plausible interpretations to how strategies manifest on each level of spatial navigation.
In this paper, we analysed initial exploratory patterns of human spatial navigation and related them to navigation patterns in a subsequent search task. Our first question was whether there are distinct patterns in initial exploration of a novel environment. We implemented an automated clustering algorithm in order to investigate emerging structural regularities within the routes of spatial exploration. The visual characteristics of these patterns would reflect on the preferred exploratory strategy. We further examined whether any pattern type during initial exploration would determine performance in subsequent structured navigation. A more intensive and spatially extensive search strategy would result in a better representation of the space, hence better performance scores in specific navigation tasks. However, human navigation performance and efficiency cannot be unequivocally determined by means of heuristic algorithms (see Mitchell, 2004 for a computational explanation of these algorithms), thus the measurements are dependent on how optimal performance is defined (MacGregor & Ormerod, 1996) . Due to the complex nature of navigation behaviour, we measured performance in two different ways: one examined the size of the search space (Binary measure) and the other focused on the total travelled distance (Frequency measure). Conclusions about the human cognitive and energy cost-and-benefit optimization in spatial navigation tasks were drawn from the findings.
Method

Participants
Forty-one university students participated in the study. They were 17 males and 24
females, who ranged in age from 18 to 50 (mean age = 29.81; SD = 9.23). Participants received either course credits or payment.
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Apparatus
The experiment was conducted in a square room (L 3.5 m x W 3.5 m x H 2.5 m) with walls covered by black curtains that masked all spatial information outside the room.
The room was evenly illuminated from the four corners by neon lights set in the ceiling. A speaker was hidden behind the curtains to communicate the tasks to the participants. A video camcorder was placed in the centre of the ceiling, to record the navigation activity from a bird's eye-view perspective.
The room contained five visually identical open cardboard boxes placed in an irregular
array on the floor. The dimension of the boxes was L 55 x W 55 x H 150 cm. A different object was placed inside each box. The five objects were similar sized coloured toys: a gorilla, a yellow bird, a ball, a frog and a puffin. An object could only be seen by leaning over the top of the box. This ensured that participants had to walk close to the box to explore its content.
Procedure
The participants were led by the experimenter to a starting position in the room with their eyes closed. The starting position was a fixed location in the closest corner to the entrance door throughout the whole experiment. On a spoken signal from the experimenter who had returned to the adjacent control room, the participants opened their eyes to begin their exploration. The camera on the ceiling recorded all navigation activity.
There were three phases in the experiment. Phase 1: For 1 minute, the participants were asked to freely explore the novel environment. Participants were instructed to walk around the room and familiarize themselves with the location of the five objects inside each box.
Phase 2: participants were instructed to perform simple navigation tasks, whereby they were Spatial Exploration Patterns and Efficiency 8 required to visit the objects in a predefined order. They first visited each object one-by-one (single) and then they had to link two or three (multiple) objects by visiting them in a fixed order. The required sequence of visits was the same for all participants. Participants carried out 5 single object and 6 multiple object visits. The purpose of this phase was to ensure that all participants have learnt the spatial layout of the room and the location of the objects. All participants finished at the position from where they had begun in Phase 1. Phase 3:
Participants were asked to visit 3 objects in any order they wished. This task was repeated 3 times (3 x 3 visits) with different combination of objects on each trial. All participants were given the same combinations whereupon they could choose their preferred order of visit.
Throughout the experiment, the participants were asked to find the objects as quickly and efficiently as possible, however there was no specific time limit on Phase 2 and Phase 3.
After the last task was completed, the experimenter entered the room and lead the participant out.
Results
Transcribing data
First, the navigation activity, recorded on videotape, was transcribed to a quantifiable format. The transcription implemented a 6x6 grid matrix, which represented the squared room from the perspective of the camera and the spatial positions of the participant was coded within this grid.
With such partition of the room, each of the five identical boxes occupied one square of the grid, leaving 31 positions free for navigation. The coding required that a participant could only occupy one square at a time, but stepping from one square to another could have happened in either horizontally, vertically, or diagonally in any directions, within the limits of this 6x6 structure.
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At the start, all 31 possible navigation positions were set to 0, and as the navigator entered a square, that value changed to either 1 (Binary measure: number of squares visited), or increased by 1 (Frequency measure: total number of visits). This numerical matrix representation of the space allowed us to monitor the dynamics of the utilized spatial areas during both exploration and navigation (Phase 1 & 3, respectively).
Determining Exploratory Patterns: Hierarchical Cluster Analysis
Initial exploration patterns were grouped with a hierarchical cluster analysis. The pattern did not belong to either of these clusters, and was excluded from further analysis. In the case of another participant (number 8), there was a videotape error resulting in this data also being omitted.
Determining Spatial Efficiency
Two measures of spatial efficiency were adopted in the present study. Binary efficiency measure focused on the spatial expansion of the exploration activity. This involved counting the number of squares, in which the participant entered at least once during the navigation test, without considering how many times that position was visited in total. A Binary score
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represented the sum of squares with a maximum possible of 31 (all 36 squares minus the 5 squares with an object on them). The most spatially efficient score could be associated with the smallest size of the actively used space, whereat the task was still solvable.
Another way to measure efficiency is counting the actual frequencies of all the square visits within the grid (Frequency measure). Practically, this measure expressed the total travel distance in addition to its spatial distribution on the matrix. The sum could have infinitely increased, however the most efficient strategy reduced both the number of visited squares and the frequency to the possible minimum. 
Further Data Considerations: Gender Effects
The results were further analysed to examine possible gender effects. There was no difference between the genders [t (37) = .89, n.s.] on the two exploration patterns. Binary task efficiency showed no gender effect either [t (37) = .14, n.s]. However, the Frequency measure revealed that males solved the navigation task more efficiently than females [t (37) = 3.50, p=.001; M male = 19.80; SD male = 2.18; M female = 23.04; SD female = 3.14].
Discussion
The present study investigated navigation task efficiency as a function of initial spatial exploration in a novel environment. Two distinct clusters of exploratory patterns (Axial & Circular) were found based on their emergent visual appearance. The data showed that search patterns reflect different strategies of spatial information acquisition and representation that determined subsequent navigation efficiency. Furthermore, a significant interaction in our data showed that navigation efficiency depended not only on initial exploratory patterns, but also on how optimal performance is defined.
The method used in this paper to classify the exploratory patterns was similar to the techniques applied in artificial intelligence research of way-finding trajectory analysis counted the total number of crossings into squares.
